A common use of technology in higher education is the provision of online course materials, invoking an investigation of the ways in which students engage with online course content, and how their participation changes over time. This is particularly necessary in the context of high absenteeism from lectures, where online access may be the only way in which particular students are engaging with the course. In this study, we examine large-scale patterns of attendance in class, as well as four types of access to online materials. We define two online behavioural metrics -richness and evenness -to capture the distribution of online behaviours within 255 courses, and examine how these change over time. We find that both physical and online attendance decrease throughout the semester, but the fraction of students present online is considerably higher than the fraction present in lectures. Students adapt their online behaviour, and rare behaviours disappear over time. It is important to consider how we provide content, both face-to-face and online, in order to ensure that as many students as possible are accessing this content in ways that we intend.
Introduction
The use of technologies in education has intensified in the last decade, including diversification of online learning materials, accessibility of lecture recordings, and gamification of learning processes. Students can only participate in learning if they are present (Gump, 2006) . However, thanks to developments in technology-enabled learning, presence is no longer limited to face-to-face interactions (Garrison, 2011; Wei & Chen, 2012) . Face-to-face teaching is still a major education mode in many universities, and instructors have long been concerned that students may be replacing physical attendance in class with online learning (Weatherley, Grabe, & Arthur, 2003; Grabe 2005) , also evidenced by myriad studies of the impact on attendance of online materials (e.g., Grabe, Christopherson, & Douglas, 2005; Grabe & Christopherson, 2005; Worthington & Levasseur, 2015; Khong, Dunn, Lim, & Yap, 2016; Barker, Hovey, Subhlok, & Tuna, 2014; Azab et al., 2016; Kinash, Knight, & McLean, 2015) as well as anecdotal reports from instructors. Many of these studies indicate that most students do not replace lecture attendance with access to online materials (Worthington & Levasseur, 2015; Khong et al., 2016; Barker et al., 2014; Azab et al., 2016) , including a recent meta-analysis demonstrating that attendance in class is not negatively impacted by students behavioural patterns over the duration of the course. Such studies generally examine a limited set of courses, in which all students are engaging within a particular online course structure. We are not aware of any studies of a large set of courses that examine common behavioural or attendance patterns over time.
Here, our aim is to link student online attendance and behavioural patterns with physical attendance in class. We ask three main research questions about course-level patterns and university-wide trends: RQ1: How does attendance, both in class and online, change over the duration of a semester? RQ2: Does student behaviour when engaging with online materials change over this same period? RQ3: What is the distribution of behaviours?
Behaviours are defined according to relative amounts of access to content types (Figure 1, left) . We analyze a large number of student enrollments (N = 34,158) , in a large diversity of courses (N = 255). Given the scale of the study, we can expect noise in the patterns because of among-discipline differences; however, emerging patterns will lead to subsequent questions and a mechanistic understanding of the observed behaviours. We rely on two metrics that summarize the distribution of behaviours in a given course. Behavioural richness is a count of the various behaviours exhibited within a course; it tells us whether all students are behaving in the same way, or whether the course shell enables (and perhaps encourages) access to relevant content in multiple ways. Behavioural evenness measures the frequency of these behaviours: whether one or two behaviours dominate, or whether many behaviours are employed approximately equally within the cohort (Figure 1 , right). With these two metrics, we are able to capture a range of behavioural distributions, and average these across courses to observe patterns that are consistent across all student cohorts.
We scaffold our work into three specific sections, to address the three research questions above and to understand the relationships between attendance and online behaviours. First, we analyze patterns of anonymous lecture attendance and online attendance for a large set of courses. Given the results of our earlier work (Brennan et al., 2018) , that physical attendance dropped in all class types over the second semester of 2017, we expect physical attendance in lectures will decrease over the semester. However, we now also analyze online attendance, and test the null hypothesis that this form of attendance is constant irrespective of time in the semester. Second, we analyze online activity patterns associated with four different engagement methods: 1) browsing course content online, 2) downloading content, 3) reading discussion threads, and 4) accessing external applications (including to access videos and lecture recordings). Does student use of the different modes of participation vary in a course? Our null hypothesis is that, for a given course, use frequency across the four activities is similar; differences in usage frequency, particularly over time, would suggest different approaches to engaging with a course. The behavioural richness and evenness within a course are then compared among courses and across the semester to understand the common trends of behavioural distributions over time. Third, we compare changes in online behavioural richness and evenness with attendance patterns, both physical and online, to identify whether there are any associations between online behaviour measures and attendance. For example, if lecture attendance decreases, is there a corresponding increase in online participation, and are students maintaining their online behaviours over time? We explore further hypotheses that would help pave how pedagogical approaches such as blended learning can influence behavioural richness and evenness resulting in a better learning experience. Analytical process defining behaviours (left) and possible distributions of behaviours (right) in the LMS. Note: In one undergraduate computer science course that was considered, the most common behaviour was to mostly view content, download some content, access just a handful of other available applications, and not look at discussions at all (denoted [V > D > O, -] ). By comparison, the most common behaviour in a postgraduate business course was to mostly access other applications, and to view some content (denoted [O > V, -, -] ).
In future, we hope that providing course-level data on attendance and online behaviours over time to instructors would allow them to better understand how students are engaging with their course, and lead to developments in how they structure their online and classroom teaching. The present study provides university-wide baselines for attendance and participation metrics, so that such data can be examined in context, and also so that "typical" student behaviours can be observed.
Initial Study
An initial study was performed in 2017, and was originally reported in Brennan et al. (2018) ; it is partially reproduced below, as an introduction to the extended work.
Thermal sensors were installed in early 2017 in 223 rooms around RMIT University, at campuses in Australia (n = 213) and Vietnam (n = 10). Previous physical space audits providing annual occupancy snapshots had identified rooms with historically low utilization, and these rooms were selected by Property Services for sensor deployment. The sensors are designed to sit above all entrances to a room, and use a thermal lens to detect the body heat of anyone passing underneath. As a result, they are strictly anonymous and do not record any attendance at an individual level. The sensors are able to count bidirectional movement, and provide an estimate of the room occupancy every 30 minutes by averaging the occupancy of shorter "resolution" time periods. The sensors also include a video lens, used for auditing during the calibration process, and following this process are expected to have an accuracy greater than 95%.
Occupancy data for semester 1 of 2017 were integrated with data from the university timetabling system, and so a database was constructed containing scheduled class, type of class, room capacity, and 30-minute timestamped occupancy. Since most classes have a duration greater than 30 minutes, the maximum reported measure during the booking duration was taken as the room occupancy for that entire booking. During this process, many "no-show" classes were identified, and certain extreme examples were immediately apparent, such as a practical class of 77 students where only twelve were expected to show up.
The thermal sensors were placed in rooms with capacities ranging from 10 to 350, so we investigated whether student attendance patterns were dependent on the size of the space. Figure 2a depicts summary plots of occupancy for all bookings, grouped into three-week blocks, for small (capacity < 50) and large (capacity ≥ 150) teaching spaces. Both room sizes display a significant decrease in occupancy over time: the median occupancy of small rooms decreased by one-third from the first quarter to the last quarter of the semester (Q1: median = 18, IQR = 12-24, n = 2774; Q4: median = 12, IQR = 8-17, n = 2761), while the largest rooms saw an almost 40% decrease in median occupancy over the same time period (Q1: median = 56, IQR = 38-76, n = 351; Q4: median = 34, IQR = 19-49, n = 413). In both cases, the statistical difference between the first and last quarters was highly significant (Kruskall-Wallis test, P < 0.001 in both cases). These differences dependent on the room size may also indicate a dependence on activity type: larger rooms are more likely to contain lecture-type classes, in which students have less direct engagement, and often are able to access relevant material online in the form of lecture notes and recordings, whereas smaller rooms are more likely to host tutorial-or practicalstyle classes, where students are directly engaged in work and where material and/or personal assistance may not be accessible online. Alternatively, poor teaching in tutorials may be a more effective driver of student absence, particularly if they are able to attend alternative streams. We therefore classified attendance according to activity type, to assess the dependence level of physical attendance upon activity. Figure 2b summarizes the attendance of all bookings according to class type, where the maximum recorded occupancy of the semester was used as a proxy for class enrollments, and incorporated as an inverse scale factor. High-school classes 1 (median = 0.73, IQR = 0.57-0.84, n = 255) and short-term intensive classes (median = 0.71, IQR = 0.51-0.86, n = 43) had generally higher attendance, while lectures (median = 0.61, IQR = 0.44-0.78, n = 4730) and lectorials (median = 0.63, IQR = 0.44-0.79, n = 945) demonstrated the lowest average scaled occupancy.
The original work also included an investigation of the relationship between class attendance and student satisfaction with the course and with the teaching. That analysis found a small but significant positive correlation between the percentage of overall satisfied students and the average scaled attendance (r = 0.1, P < 0.05, n = 527; data were transformed to meet parametric assumptions). However, no correlation was observed between the percentage of students satisfied with the instructor and the average scaled attendance (r = 0.2, P = 0.12, n = 73). Notably, there were very few courses with low satisfaction and very high average attendance.
Methods
RMIT University currently has over 90,000 students enrolled, with the main campus located in Melbourne, Australia. In 2017 it initiated an LMS transition from Blackboard to Canvas, to be finalized in 2018. Canvas is an open source and transparent system that captures all student interactions with course material, and returns this data to the owner institution. This creates an opportunity to study the LMS dataset alongside other student participation data; in this case, the physical presence of students in classrooms. While the initial study examined the attendance patterns in a range of class-types, we restrict this new study to lectures only as, along with online materials, lectures are where students are most often exposed to the course content.
Datasets
Heat sensors collected additional room occupancy data in 228 rooms around RMIT University during February-May of 2018 (semester 1). These data were linked to the university timetabling system, to construct the specific attendance patterns of each course. In contrast to the initial study, the number of students enrolled in each lecture stream was also included in the dataset, to allow calculation of the lecture attendance each week as a fraction of total class size. Note that, in the case of large courses with multiple streams, the lecture class may be a subset of the online course shell, while in other cases, multiple courses may share a single lecture stream. (We treat the students present in a given class as a subset of students enrolled in that lecture stream but acknowledge that this does not account for students unofficially changing streams, or other non-enrolled students being present. However, we assume that these make up a small percentage of cases.
We selected 255 courses for analysis, with a total of more than 34,000 student enrollments (see Appendix). All of these courses were delivered over the period of 12 weeks, a standard long semester at RMIT. They were required to be higher education level, delivered face-to-face (with course materials available in the LMS) and with at least one lecture a week delivered in a room with a heat sensor installed (for physical attendance to be captured). The courses were required to have at least 10 students enrolled, and to have a minimum amount of student activity in the LMS, to ensure we weren't capturing "empty shells" that were not truly being used for a course. Further, we restricted the selection to lecture streams that took place on the same day of the week, at the same time and in the same location. Two public holidays were accounted for by allowing the attendance measure on those days to be null, rather than zero. If a lecture stream had zero attendees for more than one week, that stream was removed from the dataset under the assumption that these activities were regularly cancelled by the instructor, or were shifted to a different location, and that the zero attendance was due to external factors, rather than all students choosing not to attend. Of the initial set of 255 courses, 250 had exactly 12 weeks of attendance data for an associated lecture stream, and no more than one week with zero attendance.
Some courses had up to four lecture streams held in rooms with heat sensors installed, leading to a dataset containing 294 individual lecture streams (see Appendix). However, because heat sensor data does not identify students that attend a given lecture, we performed our analyses at the course level, considering each course as a population of students. In the final part of this work, where the online activity is linked to the physical attendance, we restricted the dataset to those courses where only a single lecture stream was recorded (n = 212), to avoid biasing the analysis towards those courses with several lecture streams.
We aggregated data for each calendar week to enable among-course comparisons and because no classes were physically delivered over the weekend, even though there might be activity in the LMS. The Easter holiday (Thursday-to-Thursday) fell during the fifth week of the semester, therefore we averaged the online data of two calendar weeks (which included the holiday) to produce week 5 of the semester in our analyses. We also combined the lectures of Monday-to-Wednesday of the first calendar week, and of Thursday-Friday of the second, to create week 5 of physical attendance data.
Online Behavioural Patterns
Students are able to access their Canvas course shell either via the browser, or through the Canvas application, however these appear in the clickstream data in different ways. Between 75% and 90% of students considered used the browser exclusively each week, while between 12% and 22% of students used both the application and the browser each week. Further work is required to properly determine the ways in which those students who use both are doing so, however initial checks suggest that fewer than 5% of all students used the application more than they use the browser. In this analysis we considered only students who accessed the LMS via the browser, and assume they continued to do so throughout the duration of the course; we acknowledge this point as a minor limitation of the study.
We recorded student engagement with the LMS via a browser in one of four activities (Table 1) chosen to capture a range of meaningfully different operations. For a given student, the number of times they performed one of these activities (for example, each time they viewed a content webpage in the course LMS) was aggregated over the week, and the four activity types were then ranked in order of these frequencies. The order of the activity types defines a behaviour; a student could therefore be associated with one of 64 different potential behaviours in a given week (Figure 1 , left). It should not be assumed that the activity types defined in Table 1 are the only options available to students, nor that they can be taken as a true representation of how students are choosing to engage with the content in all cases. However, they are varied enough to capture, at a cohort level, a clear set of different behaviours that can be examined across and between courses. In different weeks, a student could show different frequency patterns; however, in this analysis, we are only interested in population-level responses and the individual-level variation in behaviours will be presented elsewhere. While much of the variance in these behaviours is attributable to individual preferences (for example, whether a student is comfortable posting their opinion on a topic to the rest of the class), at least some of the variance may also be attributable to the structure of the course content in the online shell and the encouragement of certain behaviours over others, whether explicitly stated or by unconscious influence of the instructor. Access to any content provided through an external tool or application accessed through the Canvas course shell; this includes videos and lecture recordings Encompasses a wide range of passive and active access to content Individual student actions were dropped if they involved an image file, as images are downloaded and cached automatically in the rendering of a page, and so should not be considered additional actions since they are not separate actions from a viewing or downloading content. Note that only a relatively small subset of lecture streams were recorded, due to RMIT's opt-in policy, and that recordings and other videos were most commonly accessed through external applications.
The number and distribution of behaviours were captured by calculating the behavioural richness and behavioural evenness. Behavioural richness, R, is the number of different behaviours observed in a given course in a given week, and so is bounded between 1 and 64. This metric is biased towards rare behaviours as it only takes into account the presence or absence of behaviours. Behavioural evenness ", defined below, is instead biased towards common behaviours, as it takes into account the frequency of each of the 64 behaviours in a given week. High evenness represents behaviours having similar frequencies in a given week, and low evenness represents one or few dominant (highly frequent) behaviours (Figure 1 , right). Behavioural evenness is defined for a given course in a given week as:
× log 2 (( ) ) log 2 (2) where ( ) is the fraction of the cohort that exhibit behaviour 3, and 2 is the total number of behaviours present in that course in that week. Therefore, " is bounded between 0 and 1 (Magurran, 1988) .
Data Analysis
First, we were interested in understanding how online and physical attendance varied through the semester. We used fractional attendance, the proportion of enrolled students present in a given week (whether online or physical), as our dependent variable. A student was considered present online if they engaged in one of the four activities considered in this study via the browser, so that visits to the landing page only were not included. A check of the broader definition of online presence, where students were counted if they accessed the course shell in any way including via the app, indicated that this online attendance was slightly higher, but followed a similar temporal pattern to that observed using the stricter definition. In order to compare differences between online and physical attendance, we used a mixed model where attendance type was a fixed factor and week of the semester was a random effect. Because week of the semester was able to explain a proportion of attendance variation, we then regressed each of the attendances against time. This method allowed us to obtain the variation in weekly attendance independent of time.
Next, we compared the participation patterns of the four online activities and how these differed throughout the semester. A mixed model tested differences among activities (as a fixed factor) taking into account week of the semester (as a random effect). Behavioural richness and evenness were then regressed against week of the semester. The residuals of these regressions were used to identify richness and evenness levels independent of the influence of week of semester.
We then explored the relationships between the online behavioural metrics and the two attendance modes. When considering the association with physical attendance, we limited the dataset to courses with a single captured lecture stream (n = 212), to avoid biasing toward courses with multiple lecture streams. We compared the richness and evenness against the online and physical modes of fractional attendance, and in each case regressed the residuals of the behavioural metric against the residuals of the attendance measure, to remove the effect of week of semester.
Finally, we explored whether students changed their online behaviour through the semester by comparing behaviours from weeks 2 and 11. We categorized students present online in week 2 according to their behaviours in that week: "rare" behaviours were defined as those in the bottom 25% of behaviours in a given course (approximately 10% of all students), ranked according to the number of students engaging in each, while the most common behaviour in the course was that with the highest number of students (approximately 20% of all students). We then compared how the two groups of students -common and rareparticipated in week 11, whether they were still present online, and whether they were engaging in rare or non-rare behaviours.
Results
An average of 72.8% (S.D. = 7%) of enrolled students were active online at some point in the semester, and an average of 49.1% (11.3%) of students scheduled to be in the classroom were actually present. Online attendance was significantly greater than physical attendance throughout the semester (F1,11 = 5, P < 0.01), where time of the semester only explained 22% of the variance (Figure 3) . However, physical attendance had a greater decline (slope = -0.030, F = 100.5, r 2 = 0.90, P < 0.05) than online attendance (slope = -0.014, F = 11.7, r 2 = 0.49, P < 0.05). A dip in online participation during week 5 was most likely due to the mid-semester holiday.
The level of engagement differed among the four activities (F3,12 = 5, P < 0.001; Figure 4 ), where viewing content had the greatest fraction of students to ever participate in this activity (59.9% ± 22.6%) followed by downloading content (56.6% ± 24%), viewing discussions (29.2% ± 19.4%), and accessing external applications (23.7% ± 19.6%; see Appendix).
The mean number of online behaviours (richness, 4) was 17.1 (S.D. = 1.4) in a given course, out of a possible 64 behaviours. Further, richness decreased over the duration of the semester (slope = -0.35, F = 65.3, r 2 = 0.85, P < 0.05; Figure  5 , left). In contrast, the mean evenness of behaviours (") was 0.82 (0.01), indicating that the average distribution of behaviours showed some strong dominant behaviours, but with relatively equal distribution of students among behaviours. Evenness remained approximately constant across the weeks of the semester (slope = -0.002, F = 5.9, r 2 = 0.30, P < 0.05; Figure 5 , right).
After removing the effect of week of semester, fractional attendance was positively associated with behavioural richness, explaining 47% of the variance (F = 10.8, r 2 = 0.47, P < 0.01; Figure 6 , left). However, behavioural evenness was not associated with online attendance (Figure 6 , right), but remained relatively constant as more students were active online (F = 2.8, r 2 = 0.14, P = 0.12). Similarly, once the effects of time were removed, there was no significant association between richness and the fractional physical attendance (F = 0.36, r2 = 0.0, P = 0.56; Figure 7 , left), or between evenness and the fractional physical attendance (F = 0.16, r2 = 0.0, P = 0.69; Figure 7 , right).
The drop in richness over time was driven in part by students disengaging online, as well as by a shift from rare to common behaviours towards the end of the semester (Table 2) . Students initially displaying rare or common behaviours in week 2 showed similar rates of disengagement in week 11. However, 11.5% of students shifted from common to rare behaviours; in contrast, 51.1% of students initially showing rare behaviours shifted to common behaviours. 
Rare behaviours in week 11
Non-rare behaviours in week 11
Week 2 rare-behaviour students 3,162 27.3% 21.5% 51.1%
Week 2 common-behaviour students 7,890 31.3% 11.5% 57.3%
Note: "Rare-behaviour" indicates any behaviour in the bottom 25% of behaviours within a given course in week 2; "commonbehaviour" indicates the most common behaviour in the same course in week 2; "non-rare behaviours" are any behaviours not in the bottom 25% (including but not limited to "common" behaviours); offline refers to students not engaging with the four activity-types in the LMS via the browser.
Discussion
As long as face-to-face teaching remains a major education mode in many universities, developing an understanding of student attendance behaviours is critical to maximizing the effectiveness and efficiency of physical and online teaching spaces. Through use of anonymous heat sensor data, distinct class attendance patterns are observable over time, and may be useful for instructors to assess their own class attendance at a glance, or as a starting point for course coordinators to compare classes within their course. Such class-level investigation is expected to help identify instructors who may need further assistance to improve their teaching practices, aimed at increasing student in-person participation and ultimately improving student outcomes. Course coordinators may also use this type of data when considering their room requirements for timetabling, potentially leading to additional improvements in space use efficiency. Further, for Property Services and Space Management departments, the data collected will support better planning and strategic decisions, and provide a more detailed understanding of the population profile identifying the university's future vertical transport, security, and facility management requirements. As any instructor might expect, attendance patterns are also observed on a larger scale to depend on variables such as room capacity and class type. We observed in our initial study that the median occupancy in small and large teaching spaces decreased significantly over the semester. Almost all class types were often less than 50% attended throughout the semester; however, all demonstrated many instances of overfull classes, including tutorials with twice as many people in the room as it could hold. Such wide ranges of scaled occupancy indicate the difficulty of selecting a teaching space appropriate for a semester's worth of classes, as well as the need for a deeper understanding and modelling of student attendance behaviours.
Both physical and online attendance decrease through the course of the semester (RQ1: How does attendance, both in class and online, change over the duration of a semester?); the hypothesis that a decrease in physical attendance is compensated for by increased online activity is rejected. However, the fraction of students present online is, on average, considerably higher than the fraction present in lectures. The number of online behaviours displayed by students decreases with time, however behavioural evenness remains constant (RQ3: What is the distribution of behaviours?). These patterns suggest that those behaviours that are originally rare disappear from online activity throughout the semester, as evidenced by students shifting away from rare behaviours to more common ones later in the semester. These behavioural shifts within a course support the notion that students can show flexibility when engaging with online material in a course, but also that teaching innovation needs to account for different learners (Kloft, Stiehler, Zheng, & Pinkwart, 2014; Ramsden, 2003; Yuan & Powell, 2013) .
Prior studies have shown that average attendance in modern university courses is poor (Hughes-Warrington, 2015; Stewart et al., 2011; Van Blerkom 1992; Traphagan et al., 2010; Cohn & Johnson, 2006) . Consistent with other studies, our work shows that physical attendance drops over the duration of a semester, with the biggest drop in the first five weeks, and that this is a university-wide phenomenon in higher education courses at RMIT University (Hughes-Warrington, 2015; Stewart et al., 2011) . The decrease in lecture attendance is not compensated for by an increase in online attendance, as the latter also decreases over the duration of the semester. However, this decrease is not monotonic, suggesting a different approach to online attendance by learners. In addition, there is no association between online behavioural distribution and physical attendance. These results suggest that making changes to the online course content in an attempt to lift physical attendance may not be effective.
Participation patterns are different in lectures and online, suggesting that the drivers behind each mode of engagement are different. Stewart et al. (2011) showed that the online activity within two courses appeared to be driven by assessment periods, since as assessments approached online participation increased. In our study, we do not observe sharp changes in participation within the semester because the 255 courses differ in their assessment deadlines; however, the strong decline by thousands of students reflects university-wide symptoms. For example, there was an increase in online participation from weeks 1 to 2, suggesting that the first elements of online material may be critical in maintaining engagement while students are finalizing their enrollments for the semester. However, closer examination of this short-term phenomenon is needed to test the hypothesis that poor accessibility to course material may first cause a greater initial engagement with the LMS quickly followed by disengagement from the course.
Identifying online behaviours and clustering students according to those behaviours has been a fruitful area of research in education, with examples at small and large scales (see e.g., Peckham & McCalla, 2012; and Kizilcec et al., 2013, respectively) . Previously however, large-scale studies focusing on thousands of students within a MOOC usually centred on very few courses (e.g., Kizilcec et al., 2013; Tseng et al., 2016; Anderson et al., 2014) , limiting the ability to generalize across a diversity of courses from different disciplines. In contrast, our university-wide approach defines a set of behaviours in a course-independent manner, capturing the distribution of behaviours in order to assess broad diversity patterns. Student behaviours can be categorized as common or rare (e.g., many or few students associated with particular behaviours). Yet, a rare behaviour in one course may be very common in another, particularly if there are significant differences in the way the course shells are structured. In this study we focus on changes in behavioural diversity over time for a given course; future work should examine differences in behavioural diversity between courses.
Many students change the way they participate online over the duration of a course reflected in the steady drop of behaviours over time (RQ2: Does student behaviour when engaging with online materials change over the duration of a semester?). In this study, the average number of behaviours exhibited within a course dropped from 19 to 16 over the duration of the semester, with 30.2% of students not engaging in any of the four online activities at week 11. Of the students who were engaging in rare behaviours initially, approximately half had shifted to more common behaviours by the end of the semester, 20% continued with rare behaviours, and approximately one-third did not engage in the activities online. In contrast, those students who were initially engaged in the most common behaviours tended to continue behaving in common ways, with less than 15% shifting to a rare behaviour later in the semester. This shift towards common behaviours is driven predominantly by "early rare behaviour" students, explaining both the drop in richness and the consistent evenness over time. Our study observed that some students disappeared by the end of the semester; however, of those who remained active online, many exhibited different behaviours in the final few weeks compared to how they acted initially. These behavioural shifts are consistent with other studies that demonstrated the plasticity of student behaviours (e.g., Kloft et al., 2014) , and may be attributable to factors such as the identification of effective learning strategies within a course dependent on the course materials that are available, or that are particularly relevant to the discipline. However, evenness did not change throughout the semester, suggesting a combination of three factors: 1) some common behaviours lost students shifting to other less common behaviours, 2) students were not consistently active week to week, and 3) the students not participating within the LMS at week 11 came from all behavioural groups. This last factor reflects that a behaviour's level of rarity cannot predict future participation within the LMS.
It is important for course instructors to consider the behavioural distribution within their own course, and to interpret these patterns within their own context. This approach may help determine the underlying reasons that students engage in uncommon behaviours. Are students exploring? Do students have unusual preferences in accessing materials? Are they finding relevant materials outside of the course online space, such as the library? Importantly, are students unable to access content in common ways because of some form of disability? Or are they unmotivated students, interested only in doing the bare minimum online?
The broad generality in attendance and behavioural diversity showcased in this study allow individual instructors to compare their own courses to university-wide patterns. For example, a high-attendance -low-evenness pattern observed in a given course late in the semester may indicate a bias towards face-to-face engagement with course material, perhaps driven by an engaging lecturer. Alternatively, this behavioural pattern could reflect course content that is most valuably conveyed in person and having a course shell that directs students towards just a handful of ways to engage -perhaps used just as a place for students to download PDFs of lecture material. The opposite scenario, where a course sees relatively low attendance throughout semester, but has a high richness and evenness, is instead biased towards online transfer of knowledge; perhaps the lecturer is not an engaging speaker, but provides a diverse range of content materials, links extensively to external videos and other tools, and encourages discussions through the LMS course shell. (Of course, regardless of the physical and online participation patterns, the balance between face-to-face and online activities is a false dichotomy and not a zero-sum game where a drop in one mode requires an increase in the other. There are many important learning activities not captured at all in class attendance or the LMS, such as social media discussion groups, or recommended reading of academic texts.)
Learning design is significant in its influence on student engagement online (e.g., George-Walker & Keeffe, 2010; Ferguson et al., 2015; Rienties, Lewis, McFarlane, Nguyen, & Toetenel, 2018) ; for example, Rienties et al. (2018) found that 55% of variance in weekly online engagement was explained by the learning design of weekly activities in four language modules. Our work demonstrates that students tend to move towards common online behaviours, possibly as a result of the structure of the course shells. Further work in this space will examine how online student behaviours are influenced by the amount of content provided and how it is structured; however, individual instructors may already reflect on how their own pedagogy is encouraging or discouraging particular behaviours online and in the classroom.
The results described in this work provide a potential handle for instructors aiming to observe and understand the participation of their students, both online and in the lecture theatre. This can lead to reflection on the instructor's intended pedagogy, whether it is effective for their students, and assist in making changes to further enable students to improve their learning strategies. For example, those instructors trying to lift class attendance (and, hopefully, more active engagement) should focus on changes to their lecturing, as changing the online course shell will have minimum impact. It is important to ensure that students with uncommon approaches are being catered for, and not being actively discouraged by content structure. For example, if a student likes to learn from peer discussions, are online discussion boards being encouraged and maintained? Alternatively, is there time provided in lectures or tutorials for students to exchange ideas and learn from each other? Our goal here is not to advocate for all online tools to be fully utilized in the hope of maintaining the measured behaviour metrics, but to point out that the changes in behaviour metrics can be used to diagnose the reasons that students may disengage from a course. We also note that course-level participation measures resulting from this work are intended for use by instructors within their own context, and not for dictating what attendance patterns are most desirable, or asserting that students learn best when they exhibit specific behaviours.
Considerable research has provided strategies for lifting lecture attendance (e.g., Seary et al., 2014) , such as scheduling multiple lectures for a given student on the same day (Kelly, 2012), or gamifying classes (O'Donovan, Gain, & Marais, 2013) . Increasing attendance would generally ensure that instructors are imparting the course content to their students in a way they intend and can control; however, we note that many researchers have expressed their concern that a lecture is by no means the best way to teach all material (e.g., Freeman et al., 2014) , nor does it necessarily suit all students (Kelly, 2012; Dolnicar et al., 2009 ). Online learning is here to stay, and tertiary institutions are slowly but surely moving away from using online course shells as simple lecture slide repositories (Nagel & Kotzé, 2010; Garrison, 2011; Wei & Chen, 2012) . Instead, a blended online and face-to-face approach is desirable, as these methodologies can be more effective in combination than separately (Means et al., 2010; Bakia et al., 2014; Bernard et al., 2014) .
This work confirms that students engage differently with online content over time than they do with face-to-face teaching. Stewart et al. (2011) encourages a greater diversity of online activities spread through a semester through blended learning to allow for consistent student participation. Myriad strategies and recommendations exist regarding how to design a truly engaging online course presence (e.g., Dixson, 2012; Guo, Kim, & Rubin, 2014; Vai & Sosulski, 2015; Revere & Kovach, 2011; McGee & Reis, 2012) , such as utilizing a Community of Inquiry framework (Nagel & Kotzé, 2010) . In particular, we support the suggestion of Salmon (2004) that we need to encourage social engagement within the course online space, particularly early on in the semester, as this is a clear alternative strategy to the dominant "content views" activity observed at RMIT.
Conclusion
This work describes an exploration of two ways that students can "attend" a course -through in-person attendance at lectures, and through online engagement with course content -by examining the average patterns of these attendance variables of hundreds of courses across a single semester. Attendance both online and in person decreases throughout the duration of a course, but with different patterns and rates over time. However, a higher proportion of students engage in some way with the online course shell than attend the lecture at all times during a course. This suggests that while the availability of online content does not necessarily impact student motivation to attend lectures, a significant fraction of students are only exposed to course content through online means.
We have also detailed a novel method to describe the ways in which a cohort of students are engaging with content online, by defining behaviours according to ranked counts of access to four different activity types. The richness tells us how many behaviours were exhibited within a cohort, providing insight into whether a course shell allows for different preferences for accessing course materials. The evenness tells us about the spread of students among those behaviours; a low evenness indicates a subset of dominant behaviours, while high evenness results when many behaviours are equally common. Now that baselines for these metrics are established at a university-wide level, instructors are able to compare the attendance patterns and distributions of behaviours within their own course, to examine how their students are participating in person and online relative to the average course. This would lead to further insight into what is driving these different patterns of participation, such as a captivating lecturer, or a well-structured course shell, and how these factors are able to maintain engagement levels over the period of a semester. We hope to provide instructors with a clearer sense of how they can provide content, both faceto-face and online, in order to ensure that as many students as possible are accessing this content in ways that the instructor intends.
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A summary of the online and physical activity of each included course is provided (Table 3) . The course shell size indicates the number of students enrolled in the course LMS. Certain courses captured attendance data for more than one lecture stream, and so the average number of students enrolled in the captured streams is recorded. The percentage of active students each week (both online and attending lectures) is averaged over the twelve weeks of the semester. The richness (ranging from 1 to 64) and evenness (bounded by 0 and 1) are also averaged over the semester.
In the case of large courses, the recorded lecture class may be a subset of the online course shell, as the students are split among multiple lecture streams, not all of which are captured in our dataset. In other cases, multiple courses may share a single lecture stream, and so enrollments in the shared lecture are higher than those in the specific course shell.
The physical attendance data of five courses (with IDs 5, 163, 233, 240, and 255) was not included, as these courses did not meet the requirements of exactly 12 weeks of attendance data for an associated lecture stream, and no more than one week with zero attendance. 
